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Once	 previous	 (breeding)	 state	 is	 taken	 into	 account,	 variations	 are	mostly	 random.	
Lifetime	reproductive	success	(LRS),	the	number	of	descendants	produced	over	an	indi-
vidual’s	 reproductive	 life	 span,	 has	 been	 used	 to	 infer	 support	 for	 NTLH	 in	 natura.	
Support	stemmed	from	accurate	prediction	of	the	population-	level	distribution	of	LRS	
with	parameters	estimated	from	a	state	dependence	model.	We	show	with	Monte	Carlo	


















life-	history	 studies	 focus	 on	 how	 individuals	 of	 a	 given	 generation	
manage	to	spread	their	genes	into	the	next	(Metcalf	&	Parvard,	2007).	
A	salient	line	of	inquiry	seeks	to	explain	the	interindividual	variability	
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contrast,	 individual	 stochasticity	 refers	 to	 variations	 that	 are	 irrele-

















fect	 in	 the	 sense	 that	an	otherwise	 identical	 individual	who	did	not	
experience	the	event	would	behave	differently	in	the	future	than	an	
individual	who	experienced	the	event.”	Although	originally	framed	in	
the	 context	 of	 human	behavior,	 this	 definition	 is	 not	 restrictive	but	
could	include	other	processes	(e.g.,	physiology).	An	event	means	the	
realization	 of	 a	 random	 variable	 such	 as	 successful	 breeding.	 State	
dependence	describes	a	Markovian	process	in	which	experiencing	an	
event	affects	an	individual	and	changes	its	propensity	to	re-	experience	
the	 event.	 State	dependence	 can	 generate	variation	 (also	 known	as	
“dynamic	 heterogeneity”)	 in	 a	 population	 of	 identical	 individuals,	
simply	 because	 of	 sampling	variance	 in	 the	 realization	 of	 stochastic	





In	 contrast,	 the	 heterogeneity	 hypothesis	 starts	 from	 the	 con-




it	 is	hidden	to	 investigators	but	may	account	 for	 the	correlation	be-
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its	 use	 in	practice	 (e.g.	Mourocq	et	al.,	 2016).	 Lifetime	 reproductive	
success,	which	was	 used	 extensively	 in	 testing	 for	 the	 presence	 of	
HPDH	in	NTLH	studies	(Bonnet	&	Postma,	2016),	is	scrutinized	at	the	
population	level	(Tuljapurkar	et	al.,	2009).	If	the	predicted	(population-	
level)	 distribution	 of	 LRS	 matches	 the	 observed	 one,	 support	 for	













This	 statement	 has,	 however,	 not	 been	empirically	 evaluated.	 In	
other	 words,	 can	 a	 data-	generating	 mechanism	 that	 involves	 only	
HPDH	predict	a	population-	level	LRS	distribution	that	is	 identical	to	
one	expected	 from	a	data-	generating	mechanism	 that	 involves	only	
state	dependence?	Can	the	current	NTLH	methodology	lead	to	model	
misspecification?	Model	misspecification	happens	when	data	are	an-


















have	 recruited	 into	 the	 breeding	 population	 and	 survived	 to	 a	 sec-
ond	breeding	occasion:	The	shortest	breeding	trajectory	includes	two	










segment)	of	휙 = 0.75	and	simulated	1,000	individual	 life	histories	of	
maximum	length	42.	These	values	were	chosen	to	reflect	the	biology	
of	 long-	lived	 iteroparous	organisms,	 such	as	black-	legged	kittiwakes	
(Rissa tridactyla)	about	which	conflicting	results	on	NTLH	have	been	
published	 (Cam	 et	al.,	 2013;	 Steiner	 et	al.,	 2010).	Across	 simulation	









in	 analyses	 of	 empirical	 data.	Greek	 letters	with	 a	 hat	 denote	 esti-
mated	parameters	from	a	model	and	data.	Let	survivalit	denotes	the	
survival	of	individual	i	in	year	t: 
where 휇휙= logit (휙)= log(휙∕1−휙),	and	휙	is	the	average	survival	prob-




2	 denotes	 a	 bivariate	 normal	 distribution.	 The	 parameters	휎2휙	 and	
휎2
repro

























































tive	 to	 not	 having	 experienced	 it	 (successi(t−1)=0).	 For	 example,	 an	
odds	ratio	of	2	means	that	a	successful	breeder	is	twice	more	likely	to	
breed	successfully	again	compared	to	a	failed	one.	Likewise,	an	odds	






















The	average	entropy,	which	measures	 randomness	 in	 transitions	
between	states,	of	the	transition	matrix	휓i	is:	





Individual	 stochasticity	 sensu	 Caswell	 (2009)	 is	 a	 sampling	 vari-
ance,	or	within-	individual	variance	 in	states,	here	successful	ver-
sus	 failed	breeding	 attempt:	 “[t]he	 variance	 in	 the	 [states]	 is	 the	
result	 of	 luck,	 not	 heterogeneity.”	 For	 a	Bernoulli	 trial	with	 suc-
cess	probability	π,	the	sampling	variance	in	observed	outcomes	is	













death	 censors	 a	 life-	history	 trajectory,	 it	 is	 impossible	 to	 know	
whether	 any	 two	 individuals	 that	 had	 the	 same	 trajectory	 until	
their	death	would	have	remained	on	the	same	trajectory	had	they	
both	 lived	 longer.	 It	 is	 pragmatically	 impossible	 to	 know	whether	
two	 individuals	are	 truly	 sharing	 the	 same	 trajectory.	The	within-	
individual	variance	in	Equation	11	is	defined	at	the	individual	level	
for	any	time	step	along	a	realized	trajectory.	Because	variances	are	
additive,	 the	 total	variance	 is	 the	 sum	of	 all	 the	 steps	 along	 that	
trajectory.
All	 the	 above	 equations	 (Equations	1−11)	 involved	 parameters	
that	are	unknown	in	practice	and	must	be	estimated	from	data.	With	
Monte	Carlo	 simulations,	 the	 true	values	 of	 parameters	 are	 known:	
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4  | MONTE CARLO TUDY
4.1 | Data simulation
We	 simulated	 life	 histories	 under	 several	 scenarios	 correspond-
ing	 to	different	 values	 for	 the	 set	 of	4	parameters	(훾 , 휎휙, 휎repro, cor). 
We	 considered	 data-	generating	 mechanisms	 with	 only	 HPDH	
(훾 =0, 휎휙≠0, 휎repro≠0),	only	state	dependence	(훾 ≠0, 휎휙=0, 휎repro=0), 
and	with	none	or	both	(Table	1).	There	were	7	×	4	×	4	×	5	=	560	dif-





To	 keep	 the	 problem	 tractable,	 mean	 survival	 was	 kept	 constant	
throughout	life	in	simulations.	Furthermore,	we	only	analyzed	breed-
ing	trajectories:	Observed	reproductive	life	span	was	treated	as	data.	
In	 other	 words,	 although	 the	 true	 data-	generating	 mechanism	 is	 a	
joint	model	of	breeding	success	and	survival,	only	data	on	breeding	
success	 were	 analyzed	 with	 probabilistic	 models	 (Table	2).	 Models	
were	 fitted	 with	 software	 R	 v.3.2.3	 (R	 Development	 Core	 Team,	
2015)	using	the	function	glmer	from	the	library	lme4	(Bates,	Maechler,	









used	 to	 predict	 individual	 LRS	 conditional	 on	 the	observed	 survival	
trajectory.	 To	 quantify	 the	 discrepancy	 between	 the	 predicted	 and	
observed	distribution	of	LRS,	Kolmogorov–Smirnov	tests	have	been	














2016;	 Jenouvrier	 et	al.,	 2015;	Tuljapurkar	 et	al.,	 2009)	 and	 that	 en-





total	 variance	 is	 the	 sum	 the	 rightmost	 terms	 in	 Equation	11.	 The	
estimated	within-	individual	 variance	 term	was	 compared	 to	 its	 true	






Finally,	 the	 log-	likelihood	 of	 each	 simulated	 dataset	 under	 each	











For	 legibility,	 only	 results	 for	 scenarios	 where	 there	 was	 no	




State dependence (OR scale) Heterogeneity Correlation
eγ σϕ σrepro cor
None 1 0.01 0.01 0.0
Small (3/4,	4/3) 0.33 0.33
Moderate (3/5,	5/3) 0.66 0.66 ±0.3
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5  | RESULTS




























data	 were	 analyzed	 with	 a	 correctly	 specified	 model,	 state	 depen-




















0.42 0.4 0.37 0.48 0.6 0.56 0.54
0.43 0.41 0.39 0.5 0.62 0.58 0.56
0.46 0.44 0.43 0.54 0.66 0.63 0.61
0.51 0.49 0.49 0.59 0.72 0.7 0.68
0.42 0.41 0.38 0.48 0.58 0.55 0.54
0.43 0.42 0.39 0.5 0.58 0.56 0.55
0.46 0.45 0.43 0.54 0.58 0.57 0.56
0.51 0.49 0.51 0.6 0.6 0.58 0.58
0.42 0.4 0.37 0.48 0.58 0.55 0.53
0.43 0.41 0.39 0.48 0.53 0.52 0.52
0.42 0.43 0.44 0.47 0.51 0.5 0.49
0.43 0.42 0.42 0.45 0.47 0.47 0.46
0.42 0.41 0.38 0.48 0.57 0.55 0.54
0.42 0.41 0.4 0.48 0.56 0.55 0.54
0.42 0.43 0.43 0.47 0.51 0.52 0.53
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Results	 with	 respect	 to	 within-	individual	 variance	 estimation,	
or	 individual	 stochasticity	 sensu	 Caswell	 (2009),	 are	 summarized	 in	
Figure	5.	When	data	were	analyzed	with	a	correctly	specified	model,	
individual	 stochasticity	 estimates	 were	 on	 average	 unbiased.	 The	
only	 exception	was	 in	 scenarios	with	 both	HPDH	and	 state	 depen-
dence:	Estimates	from	model	full	were	slightly	biased	with	the	bias	
depending	on	 the	 individual-	level	 correlation	 cor	 (Appendix	 S3:	 Fig.	



































0.98 0.99 1 1 1 0.99 0.97
0.98 0.99 1 1 1 0.99 0.97
0.99 0.99 1 1 1 0.99 0.98
0.99 0.99 1 1 1 0.99 0.98
0.96 0.98 0.99 1 0.99 0.97 0.95
0.97 0.98 0.99 1 0.99 0.97 0.95
0.98 0.99 1 1 0.98 0.96 0.94
0.99 0.99 0.99 0.98 0.97 0.94 0.92
0.98 0.99 1 1 1 0.99 0.97
0.98 0.99 1 1 1 0.99 0.97
0.98 0.99 1 1 1 0.99 0.97
0.98 0.99 1 1 1 0.99 0.97
0.96 0.98 0.99 1 0.99 0.97 0.95
0.96 0.98 0.99 1 0.99 0.97 0.95
0.96 0.98 0.99 1 0.99 0.97 0.95
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life	histories	is	generated	by	chance	alone	or	not.	That	is,	they	do	not	
allow	inferring	whether	there	are	unobserved	individual	features	on	
which	natural	 selection	may	act	provided	 that	 the	necessary	condi-
tions	are	met	 (Fox,	Roff,	&	Fairbairn,	2001).	With	that	goal	 in	mind,	











variable	 “breeding	 success”	 in	year	 t	 +	1	 is	predictable	 from	knowl-
edge	of	 state	 at	 t.	Hence,	 a	 decrease	 in	 scaled	entropy	 is	 expected	
if	estimated	state	dependence	is	non-	nil	(훾̂ ≠0).	Consequently,	scaled	




effect.	As	a	 result,	 transitions	are	difficult	 to	predict	 for	a	 randomly	







latter	 cannot	 be	 used	 for	 inference	 about	 the	 true	 data-	generating	
process	 because	 its	 computation	 is	 conditional	 on	 the	 model	 used	
being	 correctly	 specified:	Entropy	 cannot	 tell	whether	 a	model	pro-
vides	a	good	fit	or	not	to	a	given	dataset.
Model	 misspecification	 seriously	 limits	 the	 usefulness	 of	 a	 null	
model	in	life-	history	studies:	Because	parameter	estimates	can	be	bi-







2002;	 Burnham	&	White,	 2002)	 could	 be	 used	 to	 identify	 a	model	
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specification,	 it	 is	paramount	 to	 consider	 a	 set	of	 candidate	models	








operating,	 models	 ignoring	 state	 dependence	 resulted	 in	 overesti-
mating	HPDH.	 Likewise,	 ignoring	HPDH	 resulted	 in	overestimating	
state	dependence,	a	result	unanticipated	by	previous	methods	used	









(2009)	was	 underestimated	when	 data	with	 true	HPDH	were	 ana-
lyzed	with	a	model	including	only	state	dependence	(Figure	5).	When	
data	with	both	true	HPDH	and	true	state	dependence	are	analyzed	








both	 a	within-	 and	between-	individual	 component,	which	 is	 consis-
tent	with	previous	investigations	focusing	on	HPDH	(Cam	et	al.,	2002;	
Chambert	 et	al.,	 2014).	 In	 contrast,	 previous	 studies	 of	 the	 NTLH	








0 0 0 0 0 0 0
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0 0 0 0 0 0 0
−100 −100 −100 −100 −100 −100 −100
−100 −100 −100 −100 −100 −100 −100
−100 −100 −100 −100 −100 −100 −100
0 0 13 100 100 100 100
−93 −80 −46 −2 37 66 91
−40 −30 −17 0 17 31 44
−27 −21 −12 0 12 22 30
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simulations	 depend	 on	 the	 model	which	was	 used	 to	 estimate	 the	
required	parameters.	 Importantly,	these	simulations	assume	that	the	
model	 specification	 is	 correct	 and	 cannot	 diagnose	 any	 statistical	
bias	since	there	is	no	model-	independent	measure	of	the	within-	and	
between-	trajectory	variances.	Any	bias	 in	estimated	parameters	will	





Because	 of	 estimation	 biases,	 the	 neutral	 model	 fits	 many	 lon-




of	Biodiversity	 (Chave,	 2008):	Both	neutral	 and	non-	neutral	models	
can	predict	the	same	pattern	(Chave,	Muller-	Landau,	&	Levin,	2002).	







6.3  | OLD WINE IN NEW BOTTLES
The	problem	of	biased	estimates	has	been	diagnosed	more	than	30	
years	 ago	 by	 econometricians	 (Heckman,	 1981):	 “misspecification	
of	 the	 heterogeneity	 process	 gives	 rise	 to	 an	 erroneous	 estimate	
of	 the	 impact	of	 the	 true	effect	of	past	 state	on	current	outcome.”	
Econometricians	 now	 always	 consider	 a	model	with	 both	 state	 de-
pendence	and	unobserved	heterogeneity	 (e.g.,	Arulampalam,	Booth,	
&	 Taylor,	 2000;	 Bartels,	 Box-	Steffensmeier,	 Smidt,	 &	 Smith,	 2011;	
Halliday,	 2008;	Hsiao,	 2014)	 to	 avoid	mis-	estimating	 either.	 In	 sce-
narios	where	true	state	dependence	γ	was	negative,	consistent	with	
a	trade-	off	between	current	and	future	reproduction,	estimated	state	










4 2 1 0 0 1 2
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4 2 1 0 1 2 3
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respect	 to	natural	 selection	 (Flatt	&	Heyland,	2011).	As	Munoz	and	
Huneman	 (2016)	 underscored	 in	 the	 context	of	 the	Neutral	Theory	
of	 Biodiversity,	 “one	 can	 have	 neutral	 patterns	 with	 non-	neutral	
processes”.	The	current	formulation	of	NTLH	may	obfuscate	the	dif-
ference	 between	 patterns	 and	 processes.	 While	 the	 realization	 of	
stochastic	processes	governed	by	state	dependence	creates	variation	
among	 individual	 trajectories	 that	may	 be	 evolutionary	 neutral,	 the	
biological	 and	 evolutionary	 processes	 at	 the	 origin	 of	 state	 depen-
dence	need	not	themselves	be	neutral.	Consequently,	it	is	necessary	
to	clarify	why	 the	state	dependence	model	 sensu	 (Heckman,	1981),	
which	 also	underpins	 population	projection	matrix	models	 (Caswell,	
2001;	 Lefkovitch,	 1965),	 is	 an	 evolutionary	 neutral	 model	 of	 life-	
history	evolution.	NTLH	requires	a	philosophical	clarification	like	the	




6.4  | NEUTRALITY IN LIFE- 
HISTORY STUDIES
Trade-	offs	 between	 life-	history	 traits	 are	 commonly	 understood	 as	
allocation	 constraints	 acting	 on	 the	 development	 and	 physiology	
of	organisms.	They	are	a	cornerstone	of	evolutionary	biology	 (Roff,	
Mostowy,	 &	 Fairbairn,	 2002)	 and	 translate	 into	 negative	 state	 de-
pendence	in	statistical	models	(Nichols,	Hines,	Pollock,	Hinz,	&	Link,	
1994).	Evidencing	trade-	offs	in	natural	populations	has	proven	a	dif-
ficult	endeavor	 in	 spite	of	clear	and	straightforward	 theoretical	ex-
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nullification	of	 the	heterogeneity	 (variance)	 parameter.	However,	 it	
is	unclear	why	it	is	more	appropriate	to	nullify	this	parameter,	rather	










An	 analogy	 to	 two	 other	 disciplines,	 namely	 population	 genet-
ics	 and	 community	 ecology,	was	 called	 upon	 to	 promote	 consider-






pothesis	 for	 empiricists	 (Steiner	 &	 Tuljapurkar,	 2012).	 However,	 in	
contrast	to	population	genetics	or	community	ecology	(Chave,	2008;	
Leigh,	 2007),	 NTLH	 has	 not	 been	 seized	 upon	 by	 empiricists.	 This	
state	 of	 affairs	 calls	 for	 an	 in-	depth	 investigation	 into	 the	 limits	 of	
drawing	 analogies	 between	 different	 disciplines	 developing	 neutral	
theories	and	using	null	models.
In	NLTH,	neutrality	 is	deduced	not	because	there	are	no	biolog-



























Researchers	 interested	 in	 the	 evolutionary	 significance	of	 interindi-
vidual	 variations	 in	 longitudinal	 trajectories	 should	 not	 use	 LRS	 or	
entropy	 to	 infer	 the	 correct	 data-	generating	mechanism	behind	 life	
histories.	Neither	LRS	prediction	nor	entropy	estimation	can	diagnose	
model	misspecification.	NTLH	 studies	 (e.g.,	 Tuljapurkar	 et	al.,	 2009)	
should	 be	 re-	evaluated	 with	 standard	 inferential	 tools,	 such	 as	 in-
formation	criteria.	 In	theory,	 the	 latter	can	be	used	to	compare	and	
accurately	select	a	model	accounting	for	the	data-	generating	mecha-

































Data	 available	 from	 the	 Dryad	 Digital	 Repository:	 http://dx.doi.
org/10.5061/dryad.874p9
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